Background: Vultures have adapted the remarkable ability to feed on carcasses that may contain 26 microorganisms that would be pathogenic to most other animals. The holobiont concept suggests that 27 the genetic basis of such adaptation may not only lie within their genomes, but additionally in their 28 associated microbes. To explore this, we generated shotgun DNA sequencing datasets of the facial 29 and gut microbiomes from the black and turkey vultures. We characterized i) the functional potential 30 and taxonomic diversity of their microbiomes, ii) the potential pathogenic challenges they face, and 31 iii) elements in the microbiome that could play a protective role to the vulture's face and gut.
16S bacterial taxonomic comparison
We compared the taxonomic bacterial identifications from both gut and facial datasets obtained by 194 16S analyses by Roggenbuck et al. [21] against the bacterial identifications from our metagenomics 195 datasets using MGmapper and the taxonomic annotation of the de novo assembled genes with 196 Uniprot. Afterwards, we also used the taxonomic identifications obtained from the unmapped reads 197 with DIAMOND [38] for comparison.
198
Functional profiling 199 Using the reads mapping to the databases of interest with MGmapper and the unmapped reads we 200 performed de novo assembly with IDBA-UD [39] and predicted genes with Prodigal [40] . Afterwards, 201 we generated a non-redundant (nr) gene catalogue with usearch [34] by clustering the predicted genes 202 with 90% identity and keeping the centroid sequences. Next, the nr gene catalogue was searched with 203 ublast [34] against Uniprot [41] , and the resulting identifications were functionally and taxonomically 204 annotated with the use of a customized python script. Finally, we used DIAMOND v0.6.4 [38] blastx 205 to search the unmapped reads against Uniprot, keeping only the best hit for subsequent functional and 206 taxonomic annotation. We kept as part of the functional core those genes present in more than a given 207 number of samples according to their presence distribution. 208 For further assessment at a functional level, we converted the Uniprot ids to the KEGG [42] E.C id 209 and its corresponding pathway. Using the classified proteins, we built a matrix for performing 210 principal component analyses (PCA) . Looking at the rotation matrix from the PCA we identified 211 those pathways with an absolute rotation value of the 1 st , 2 nd , and 3 rd PC within the minimum and 1 st 212 Qu values of their distributions. In order to identify which pathways drive most of the variation 213 between the face and gut microbiomes, we identified those pathways for which the absolute rotation 214 value of their 1 st , 2 nd , and 3 rd PCs was larger or equal to the 3 rd Qu value of their distributions. To test intra sample type variation, we performed replicates of down sampling the number of proteins 217 corresponding to each class pathway by the minimum abundance of the distribution. We also obtained 218 the Euclidean distances on the rescaled values of the matrices used for the PCAs.
219
As a second method, we used MOCAT with SOAPdenovo v1.05 [43] for de novo assembly with the 220 reads cleaned with the second approach. Subsequently, we corrected the assembly for indels and 221 chimeric regions with SOAPdenovo. Using prodigal we then predicted the genes from all the samples, 222 pooled them, and built an nr gene catalogue with uclust [34] using a 90% identity threshold. This was 223 done separately for the face and gut datasets. In the MGmapper core definition approach, the nr gene 224 catalogue was obtained for each sample, then the catalogues were pooled and the unique genes were 225 kept to compare their presence or absence across the samples. In contrast, in this approach using 226 MOCAT, we built the cores based on the abundance of the reads mapping to the nr gene catalogue.
227
To this end, we first mapped the reads of each sample against the nr gene catalogue, then rescaled the 228 counts values, removed the low abundant genes (genes with less than 200 reads mapped), those 229 without a Uniprot annotation, and those not derived from bacteria, archaea, virus, or fungi.
230
Furthermore, the proteins must have had at least 80 amino acids aligned to the Uniprot hit for its 231 annotation. From these proteins, we also obtained a strict (at least 80% of the samples) and a more 232 relax (at least 50% of the samples) core. We also identified the top most abundant proteins (those 233 with more than 2,000 mapping reads in the face and 5,000 in the gut samples). On the relaxed 234 functional core, we performed pathway functional analyses of their E.C. ids with KEGG.
235
Antibiotic resistance 236 In order to search for antibiotic resistance genes, besides searching the ResFinder database with Table S1 ).
256
To prove the consistency of the taxonomic profiling between the two species, we compared the (Tables S2, S3 ). The number 260 of identified bacteria is not significantly different between vulture species (P= 0.52, C. atratus mean= 261 366.97, C. aura mean= 334.65). Neither for fungi (P= 0.43, C. atratus mean= 9, C. aura mean= 7.5), 262 viruses (P= 0.33, C. atratus mean= 21, C. aura mean= 28.2), plasmids (P= 0.68, C. atratus mean= 186.85, C. aura mean= 173.65), and protozoa (P= 0.21, C. atratus mean= 12, C. aura mean= 9.62).
264
Also, the number of identified proteins with resistance to antibiotics is not different between vulture 265 species (P= 0.64, C. atratus mean= 107.5, C. aura mean= 100.78). We compared our metagenomic 266 bacterial identifications to those by Roggenbuck et al. [21] . A total of 735 bacteria were identified by 267 16S, out of which 93 are not found among our metagenomics identifications with strict filtering.
268
When using the pre-filtering identifications and those identifications from the Silva and GreenGenes, 269 only 14 genera were not identified (Additional File 1).
270

Taxonomic characterization 271
Compared to the gut, the facial microbiome has higher microbial diversity in terms of number of taxa Figure S4 ). 280 We identified a total of 143 bacterial strains significantly more abundant in the face microbiome, 46 281 after the breadth filtering (mostly belonging to Pseudomonas). In the gut, we identified 56 bacterial 282 strains, 33 after the breadth filtering (mostly belonging to Escherichia and Campylobacter). Those 283 more abundant in the face dataset can be classified into i) potential pathogens, ii) related to 284 bioremediation (ionizing resistant, reducers of heavy metals, or oil degraders), and iii) potentially Proteobacteria from the facial microbiome shows that the most abundant taxa are Burkholderiales 300 from the Betaproteobacteria, and Pseudomonadales from the Gammaproteobacteria (Fig. 1B) .
301
Inside the Pseudomonadales, the most abundant taxon is Psychrobacter (mainly P. cryohalolentis, 302 and C. articus), followed by Pseudomonas (mainly P. stutzeri, P. aeruginosa, and P. putida) ( Fig.   303 1D-F). From the Bacteroidetes, the most abundant taxa are Prevotellaceae (mainly P. ruminicola) 304 and Flavobacteriaceae (mainly from unclassified Flavobacteriaceae, followed by Flavobacterium 305 genera) (Fig. 1C) . Peptostreptococcaceae and Lachnospiraceae (Fig. 2D ). From the Clostridium, the most abundant 322 taxa are the potential pathogens C. perfringes and C. butilinium, followed by the beneficial C. 323 carboxinovorans, C. sporogenes, and C. butyricum (Fig. 2E) . From the Proteobacteria, the most abundant taxa are Burkholderiales from the Betaproteobacteria, Epsilonproteobacteria from the metabolism, riboflavin metabolism, and retinol metabolism. We also identified genes for the 348 biosynthesis of various essential amino acids.
349
Comparison of the facial and gut microbiome variation 350 Based on the PCA on the abundance of the identified species in the face and gut datasets (Fig. 3AB) , 351 we found that 117 of the 803 species identified as driving the variation in the face microbiome are In the gut samples, we identified 604 species that were significantly variant between the samples and 365 348 as not variation drivers. The variation drivers include 112 potentially pathogenic bacteria, such as species from the genera Listeria, Shigella, Yersinia, Bordetella, Shewanella, Erwinia, and Vibrio. In order to highlight the importance of the cleaning service that vultures do to the environment, we their competitive environment, instead of being part of the core vulture facial skin microbiome. Thus, 549 we suggest that the vulture microbiome is a result of its scavenging diet, with part of the carcass flora 550 leaving a profound footprint in the vulture microbiome. 
Pathogenicity challenges 560
Given the identification of a strong carcass microbiota signature in the vulture microbiome, we next 561 characterized all potential pathogens dealt with by the vultures. We define potential pathogens as taxa independent probe values in the stomach can often provide different readings, even when the probe is used in the same location. This is reflected in the large standard deviations observed in the Our findings strongly suggest that these two species Ethics approval and consent to participate 713 We followed ethical guidelines and had ethics approval for the handling of our samples. Vulture The data reported in this paper are tabulated in the Supplementary Materials and the sequencing data 720 will be archived in the NCBI SRA database. Oct;3(10):858-76.
